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Introduction
The ability to timely diagnose and predict strong and persistent deviations between actual and fundamental equity valuation -so-called bubbles -is valuable to minimize the enormous economic cost related to crashes of excess speculative prices. Recently, macroeconomic uncertainty has been considered as a major influential factor of (excess) stock valuation. Bansal and Yaron (2004) develop a theoretical model for consumption and dividend growth rates, and conclude that an increase in economic uncertainty leads to falling asset prices, implying that "financial markets dislike economic uncertainty". Bansal et al. (2005) broadly confirm this theoretical result by means of an empirical analysis for Germany, Japan, UK, and the USA.
Departing from the Bansal and Yaron (2004) , Segal et al. (2014) distinguish between good and bad uncertainty. Good uncertainty forecasts an increase in the future economic activity and leads to higher asset prices, whereas bad uncertainty predicts a fall in the future economic activity and leads to lower asset prices. The good and bad uncertainties are based on the positive and negative realized semivariances of the growth rates of some macroeconomic variable, respectively.
Here, we suggest a different definition of expectations uncertainty based on the individual predictions of professional forecasters. We define the uncertainty as the variance of the differences between the next and the current year forecasts. In the middle of upswing (downswing) most forecasts are optimists (pessimists) and so the variance is low. However, towards the end of upswing (downswing) the views become more heterogeneous, the variance goes up, which implies a switch in price trend. We also distinguish the positive (negative) uncertainty, being the variance of positive (negative) forecast differences. In the end of upswing (downswing) positive (negative) uncertainty increases implying that soon the prices will fall (increase). Our interest is on testing three hypotheses:
• H 1 : Macroeconomic uncertainty lowers the probability of speculative bubbles.
• H 2 : Optimist uncertainty reduces the probability of the speculative bubbles.
• H 3 : Pessimist uncertainty raises the probability of the speculative bubbles.
Noting the scarcity of empirical evidence on the relation between uncertainty and stock valuation and on forecasting performance analysis, our aim is to examine the role of macroeconomic uncertainty for the prediction of the stock price bubbles. For model specification we build upon earlier work in Herwartz and Kholodilin (2014) , and evaluate the marginal contribution of macroeconomic uncertainty to the forecast accuracy of panel logit regressions.
In section 2, we introduce data, sketch the econometric model and performance measures.
Section 3 provides in-sample and out-of-sample evidence on predictive accuracy of the most relevant predictors. Section 4 concludes.
Data and logit regressions 2.1 Data
The dependent variable is a binary indicator (bubble=1, no bubble=0). A bubble is defined as a positive deviation of the actual stock price from its Hodrick-Prescott (HP) trend exceeding a certain multiple of the standard deviation of the HP cyclical component, denoted φ. Two chronologies are considered: a more liberal (φ = 1) indicating boom or bubble events (for ≈16% of all sample observations), and a conservative chronology (φ = 1.5) indicating bubble periods (for ≈7.5% of sample observations). Similar to Herwartz and Kholodilin (2014) we rely on three groups of predictors describing i) macroeconomic situation (real GDP growth, current account balance-to-GDP ratio), ii) credit market conditions (real money market interest rate, term spread), and iii) stock market variables (returns, volatility) (see Table 1 for variable definitions and sources). The considered cross section consists of France, Germany, Italy, Japan, UK, and the USA, and the data cover the period from 1989 Q1 to 2014 Q2. The panel is unbalanced. 
indicate that he expects the real GDP growth to accelerate (decelerate) within the next year 2 .
Forecast uncertainty can be approximated as a variance of the individual forecast differences
Realized measures of ex ante good uncertainty are obtained as a sum of squared positive expected growth rates,
where
+ is an indicator function
The measure of negative uncertainty, σ 
Panel logit approach
Conditional on presample values logit regressions read as
where P r(•) is the conditional probability of a speculative bubble to prevail in market i and time t; R it is the chronology of equity valuation, designed to predict the boom/bubble (φ = 1) and purely bubble (φ = 1.5) periods; x it is a vector of explanatory variables; and β a parameter vector. F (•) is logistic distribution function and ε it is a disturbance. T i represents the number of observations available for market i. Throughout, we implement logit models for pooled panel data. Prior to pooling we account for fixed effects by subtracting within-group means from all right-hand-side variables, except for the constant. Distinguishing the modeling and prediction of bubbles the lag parameter is set to p = 0, 2, 4.
Measures of forecasting performance
For in-sample modeling we use the common pseudo R 2 statistic (McFadden, 1973) and quadratic probability scores (QPS) (Brie, 1950) . The evaluation of out-of-sample performance relies only on the latter statistic. The (square root) QPS is
is the model-derived probability of a speculative bubble to appear in period t and market i, '•' refers to any specific choice of the right-hand-side regression design. QPS varies between 0 and 1. The lower the QPS, the more precise are predictions of the speculative bubbles. In addition to in-sample modeling we determine out-of-sample cross-sectional "leaveone-out" forecasts by means of sample information available for a particular market i coupled with parameter estimatesβ
• that exploit data collected over the set of remaining markets.
To compare the forecast accuracy of alternative models we use a modified Diebold-Mariano statistic developed by Harvey et al. (1997 Regarding the estimated impacts of macroeconomic, monetary, and stock market variables the results are generally in line with Herwartz and Kholodilin (2014) . Both the variance of the forecasts of the real GDP growth rate and the corresponding positive semivariance are statistically significant and have negative signs. This is in line with H 1 and H 2 : growing uncertainty about the macroeconomic prospects reflects deteriorated market expectations and, thus, mutes the probability of stock price bubbles. In case of the optimist semivariance, this implies that previously unanimous optimistic expectations are replaced by more heterogeneous views, since the more clear-sighted experts start suspecting worse times may come soon. Moreover, removing these variables from the model invokes significant forecast deterioration as the QPS and DM-statistics indicate. This result holds for all forecast horizons, p = 0, 2, 4 and corroborates both H 1 and H 2 . By contrast, the magnitude, significance, and predictive content is much less for pessimist semivariance. However, since the impact of pessimist semivariances on the emergence of excess valuations stays negative, we cannot confirm H 3 directly, but notice that the direction of distinguished effects of semivariances is implied by contrasting H 2 against H 3 .
4 Conclusions
We evaluate the ability of macroeconomic uncertainty measures to predict the stock price booms and/or bubbles for France, Germany, Italy, Japan, UK, and the USA over the period 1989:Q1-2014:Q2. As macroeconomic uncertainty measures we used the variance and semivariances of the differences between the next year and this year forecasts of the real GDP growth made by individual professional forecasters.
Panel logit regressions indicate that the forecast uncertainty has statistically significant predictive power. Their predictive ability exceeds that of other macroeconomic and financial variables, which are traditionally used as predictors of excess stock valuation. Thus, we can recommend to include measures of macroeconomic uncertainty in early warning systems. Logit results for the liberal chronology (φ = 1.0). Columns (2) and (3) document the estimated coefficients and their t-statistics, respectively, for the most general model specification. In-sample pseudo-R 2 and QPS -statistics are in columns (4) and (5), while out-of-sample QPS is in column (6). Columns (7) and (8) For further notes see Table 2 .
Tables

